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The KV Cache Bottleneck Method

Key-Value (KV) caches enable efficient LLM de-
coding but consume tens of GBs for long con-
texts. Existing compression methods, such as
pruning or quantization sacrifice quality at high

compression rates. reusable KV vectors Compatible with

Our method—AQUA-KV: across layers any quantization

= combines quantization with using inter- and = Quantizes only method
intra-layer dependencies between keys and residuals for

Experiments

AQUA-KV’s 2-bit compression outperforms
HIGGS and prior work, often matching 3-bit
baselines despite using 32% fewer bits.

Dependency-aware Hardware-aware
compression: design:

= Compact linear = One-shot

adapters predict calibration Table 3. Evaluation of AQUA-KV (with HIGGS backbone)

and baselines across five LLM for 2 & 3 bit compression.
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Figure 1. Comparison of AQUA-KV to an alternative
Key-Value Cache compression method KVQuant in
near-2bit and the full-precision model on Llama 3 model
family.
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Figure 4. AQUA-KV inference scheme.

Experiments

We evaluate our method on models from the
Llama 3 [3] and Qwen 2.5 LLM [8] families and

AQUA-KV’s custom CUDA kernels achieve
near-native latency (18% overhead at 32K con-
text) while boosting throughput by 35% via 60%

KV cache reduction, outperforming naive Py-
Torch by 3.2x.
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